INTRODUCTION
Fetal heart rate (FHR) and its beat-to-beat variability are two important indications about the health and condition of the fetus [1] . The fetal electrocardiogram (FECG) therefore represents the information about the fetal heart rate and the fetal condition. For example, having information about the fetal heart rate, any arrhythmia or changes in the fetal heart rate can be detected. Moreover, the cardiac waveform contains important diagnostic information. For example, the position and the sign of each part in the ECG waveform is very important to discriminate between various forms of supraventricular tachycardia.
Fetal heart rate monitoring is an important methodology that can provide early information about fetal wellbeing and diagnose those at risk of diseases for possible abnormalities such as sudden infant death syndrome [2] and supraventricular extrasystole [3] . Although the Doppler ultrasound imaging system is currently used for fetal heart rate monitoring, it is not suitable for long term monitoring due to its sensitivity to movement and accessibility limitations [4] .
It should be noted that achieving a clear abdominally recorded fetal signal is a very difficult task since when measuring the antepartum FECG from electrodes on the * Corresponding author.
mother's skin, the much stronger maternal electrocardiogram (MECG) forms the largest source of interference. Furthermore, additional factors like a malnourished fetus, an obese mother, and other noise sources become relatively important in comparison with the low voltage range of the FECG. Note that extracting the antepartum FECG from electrodes on the mother's skin, is performed by the much stronger omnipresent maternal MECG. Therefore, one needs to remove the MECG from the recorded signals before further analysis on the FECG. Note also that, in relatively late stages of pregnancy, including labor, the fetal heart rate can be determined much easier than in earlier stages of pregnancy, when the fetal ECG is much weaker.
Various research has been devoted to FECG extraction; the technique based on singular value decomposition [5, 6] , cross-correlation techniques [7] , adaptive filtering [8, 9] , decomposition into orthogonal basis [10] , fractals [11] , neural networks [12] , adaptive filtering combined with genetic algorithms [13] , fuzzy logic [14] , frequency based technique [15] , real-time signal processing [16] , independent component analysis for blind source separation [17, 18] , waveletbased techniques [19] [20] [21] , and principal component analysis and projective filtering [22] and references therein, have been very common. However, some of the above mentioned research has several major drawbacks.
Here we consider an alternative method for extracting of the FECG signal. In the proposed method we separate FECG, MECG and noise components using multivariate SSA (MSSA). Since considerable dependence exists among different ECG signals, application of MSSA to multi-lead ECGs can benefit from such an interdependence information. This can not be exploited when signal channel information is processed.
SSA is a powerful technique for time series analysis and signal processing incorporating the elements of classical time series analysis, linear algebra, multivariate statistics, multivariate geometry, dynamical systems and signal processing [23] . This approach circumvents many limitations such as nonlinearity and nonstationarity of the signals. Moreover, contrary to the traditional methods of time series analysis and signal processing, the SSA method is non-parametric and does not require any prior assumption about the data. Furthermore, SSA decomposes a series into its component parts, while excluding the random (noise) component which is very important for the FECG extraction.
One of the main features of the proposed technique is that the extraction of FECG signal is achieved through successive extraction (or filtering) in an algebraically orthogonal projection.
It is worth mentioning that most of the current algorithms do not consider any potential information hidden in the signal structure. The motivation for this is that by using additional information such as the temporal dynamics and linear and nonlinear interdependency among signals (which we use in SSA, particulary in MSSA), we can improve the performance of existing signal processing methods (see, for example, [24] and [25] ).
The rest of the paper is organized as follows: Section 2 describes the SSA technique; the structure of the MECG and FECG signals are considered in Section 3; the proposed algorithm for foetal ECG extraction using MSSA is described in Section 4; the empirical results using the simulated and real data are represented in Section 5; finally, Section 6 is devoted to conclusions.
SINGULAR SPECTRUM ANALYSIS
The basic SSA method consists of two complementary stages: decomposition and reconstruction; both stages include two separate steps. In the first stage we decompose the series and in the second stage we reconstruct the original series and use the reconstructed series for further analysis. The method has several essential extensions. First, the multivariate version of the method permits simultaneous expansion of several time series; see, for example [26] . Second, the SSA ideas lead to several forecasting procedures for time series; see [23, 26] . Also, the same ideas are used in [23] and [27] for change-point detection in time series. For comparison with classical methods, see [28] [29] [30] [31] . For automatic methods of identification within the SSA framework see [32] and for recent work in 'Caterpillar'-SSA software as well as new developments see [33] . A family of causality tests based on the SSA technique has also been considered in [25] . In the area of nonlinear time series analysis, SSA was considered as a technique that could compete with more standard methods. In a number of papers, SSA is considered as a filtering method (see, for example, [34] and references therein). In other research, the noise information extracted using the SSA technique, has been used as a medical diagnostic test [35] . The SSA technique has also been used as a filtering method for longitudinal measurements. It has been shown that noise reduction is important for curve fitting in growth curve models, and that SSA can be employed as a powerful tool for noise reduction for longitudinal measurements [36] . A short description of the SSA technique is given as follows (for more information see [23] ).
Decomposition 1st step: Embedding
Embedding can be regarded as a mapping operation that transfers a one-dimensional time series Y T = (y 1 , . . . , y T ) into the multidimensional series X 1 , . . . , X K with vectors
The single parameter of the embedding is the window length L, an integer such that 2 ≤ L ≤ T . The result of this step is the trajectory matrix
2nd step: Singular value decomposition
The second step, the SVD step, makes the singular value decomposition of the trajectory matrix and represents it as a sum of rank-one bi-orthogonal elementary matrices. Denote by λ 1 , . . . , λ L the eigenvalues of XX T in decreasing order of magnitude (λ 1 ≥ · · · ≥ λ L ≥ 0) and by U 1 , . . . , U L the orthonormal system of the eigenvectors of the matrix XX T corresponding to these eigenvalues. Set
, then the SVD of the trajectory matrix can be written as:
where
The SVD is used to decompose any trajectory matrix X into two or several orthogonal components. Here, the basic idea is to identify the MECG, FECG and noise components. These components are separated through a successive procedure of configuring X, SVD, and separation of the most dominant component.
Reconstruction 1st step: Grouping
The grouping step corresponds to splitting the elementary matrices into several groups and summing the matrices within each group. Let I = {i 1 , . . . , i p } be a group of indices i 1 , . . . , i p . Then matrix X I corresponding to the group I is defined as X I = X i1 +· · ·+X ip . The split of the set of indices J = {1, . . . , d} into disjoint subsets I 1 , . . . , I m corresponds to the representation
The procedure of choosing the sets I 1 , . . . , I m is called the eigentriple grouping.
2nd step: Diagonal averaging
The purpose of diagonal averaging is to transform a matrix to the form of a Hankel matrix which can be subsequently converted to a time series. If z ij stands for an element of a matrix Z, then the k -th term of the resulting series is obtained by averaging z ij over all i, j such that i + j = k + 1. This procedure is called diagonal averaging, or Hankelization of matrix Z. 
Multivariate singular spectrum analysis
The use of MSSA for multivariate time series was proposed theoretically in the context of nonlinear dynamics in [37] . There are numerous examples of successful application of MSSA (see, for example, [38] and [26] ). Multivariate (or multichannel) SSA is an extension of the standard SSA to the case of multivariate time series.
Assume that we have an M -variate time series y j = y
, where j = 1, . . . , T and let L be window length. Similar to univariate version, we can define the trajectory matrices X (i) (i = 1, . . . , M) of the one-dimensional time series {y
THE STRUCTURES OF THE FECG AND MECG SIGNALS
The FECG signal is contained in the composite maternal ECG signal obtained from the abdominal leads. Therefore, the observed signal contains a strong MECG component, a low amplitude FECG component and noise, which may be due to maternal muscle contractions, motion artifacts, etc. Moreover, the periods of both MECG and FECG may vary to a certain extent, and these components are mutually asynchronous. Note that these signals overlap in their frequency bands.
In the following, the proposed MSSA was applied to a simulated signal composed of a mother ECG signal, a fetal ECG signal, and random noise. Both the mother and the fetal simulated ECGs have the same waveform but with different amplitudes and frequencies. Fig. 1 shows a typical simulated MECG signal with a heart rate of approximately 89 beats per minute, and 3.5 millivolts peak voltage.
In general, the fetus has a faster heart rate than the mother. Thus the fundamental frequency of the FECG signal is higher than that of the MECG signal. The fetal heart rates ranging from 120 to 160 beats per minute. The amplitude of the fetal electrocardiogram is also much weaker than that of the maternal electrocardiogram. Fig. 2 shows a typical FECG signal with a heart rate of 139 beats per minute and a peak voltage of 0.25 millivolts.
The mother ECG signal, the fetal ECG signal, and a random noise signal were added together in order to form a mixed signal that mimics the mothers abdominal recording. Fig. 3 shows the composite signal which is a mixture of three different components. Although there is no slowly varying low-frequency component in the series, the composite signal shows the noise level to be considerably high compared to the FECG signal. 
DESCRIPTION OF THE PROPOSED ALGORITHM
Consider a noisy composite signal
, and Y N represents respectively the mother, the fetal, and the noise components. Fix L, the window length, and construct the trajectory matrix X = X M + X F + X N , where X M , X F and X N are trajectory matrices corresponding to maternal, fetal, and the noise components.
In summary, the proposed algorithm consists of two complementary stages. In the first stage, we try to separate the MECG component from the composite signal. The data are first arranged in the form of a trajectory matrix X. We then apply SVD to the trajectory matrix X, and then X M is separated from X which contains mother signal, fetal signal, and noise component. We then obtain the matrix X F N = X − X M which contains the FECG component along with noise. The next stage is devoted to extracting the FECG component from X F N . We then apply the SVD step to matrix X F N to extract the most dominant component that will capture the FECG component.
Let us elaborate on why we first need to extract the MECG in details. There are several reasons. First, the FECG is generated from a very weak heart rate, so the signal is a very low voltage signal. Second, noise from electromyographic activity affects the signal due to its low voltage. Third, another interfering source is the MECG which can be several times higher in its intensity. Moreover, the MECG affects all the electrodes, thoracic and abdominal. There is no place to put an electrode on the mother's skin in order to capture only FECG signal without the mother's signal. Therefore, in all FECG signals, the MECG has higher magnitude. Thus, eliminating the MECG from the recorded signal is very important.
It is worth mentioning that reducing the noise component using classical filtering techniques is not satisfying due to an overlap in spectral content with the FECG. However, removing the noise component step-by-step might lead to an adequate signal to noise ratio. Furthermore, the characteristics of each noise component can be considered as deterministic data to decide which noise reduction method might be useful in order to achieve its removal. Moreover, the noise component sometimes consists of important information of the signal. In this case, using conventional signal processing techniques destroys this information [35] .
Preprocessing
The composite maternal ECG signal may be modulated by a slowly varying low-frequency signal. The preprocessing step includes removal of the slow-varying baseline fluctuation and the power line interference. The baseline fluctuation is, for example, caused by the patient's breathing or movements during recording. These causes have a different frequency from the noise component subspace. For example, the frequency of the baseline wander due to breathing that is in the range of 0.1-0.4 Hz, whilst the artifacts of muscular contractions is characterized by relatively high frequency noise.
We may eliminate the effect of the low-frequency component before the MECG and FECG components are separated. This can be achieved using the Basic univariate SSA. This slow variation can be considered as a trend component in basic SSA. According to the SSA terminology, trend is the slowly varying component of a time series which does not contain oscillatory components. Assume that the time series itself is such a component alone. Empirically in this case, one or more of the leading eigenvectors will be slowly varying as well. We know that eigenvectors have (in general) the same form as the corresponding components of the initial time series. Thus we should find slowly varying eigenvectors. It can be done by considering one-dimensional plots of the eigenvectors.
Let us consider the preprocessing issue using a real MECG signal. Fig. 4 (top) shows the extracted trend (bold line), which is obtained from the first eigentriples, along with MECG signal (thin line). As appears from Fig. 4 , the extracted trend clearly follows the main tendency in the se- ries. Fig. 4 (bottom) shows the residual signal which is obtained from the remaining eigentriples. Again, Fig. 4 (bottom) clearly shows the same pattern of the MECG signal. In fact, we have obtained the MECG signal from the residual part of the basic SSA after applying it to the initial MECG signal. Therefore, if we are dealing with such a signal, the proposed algorithm will have one more additional step which can be called a preprocessing step.
Note that some other methods have been used for this purpose. For example in [39] , each signal has been converted to a zero mean signal by subtracting its mean. It is clear that such a method is not an accurate method, and does not work for all kinds of movements (as in the above example). But here we proposed a more general technique that can be considered for any type of movements.
EMPIRICAL RESULTS

Simulated data
The electrode pairs are usually chosen according to some specific criteria such as: i) electrode locations on the mother's abdomen (in order to have a better FECG signalto-noise ratio), or ii) the distance (electrode positions are chosen far from the abdomen, e.g. on the thorax such that the MECG is recorded independently and as strongly as possible). For extraction of FECG using MSSA, we always use one signal taken from mother's abdomen, in order to have the baby's signal, and for the other one we have several options; i) placed on the mother's abdomen, ii) placed on the mother's chest, and iii) a mixture of the first and second options. Note that current methods usually use the third option.
To see the importance of the electrode positions for extraction of the FECG signal, we consider all the above conditions for the simulation part. Moreover, to have a better conclusion from the simulated results, we consider the chest signal as a signal that has only the mother's signal (contribution of baby's signal is zero), and in the same way mother's abdomen signal has only baby's signal (contribution of mother's signal is zero). Furthermore, we consider a situation where the baby's and mother's signals overlap since signal overlap is one of the major concerns for several methods used in literature.
Let us first consider the first option; we consider one composite signal (which consists of FECG, MECG and noise components) and the second one from the mother's abdomen (which has only the baby's signal in our cases). As we suggested in the proposed algorithm, we first extract the MECG signal and then the residual (noise component of the first step) shows the pattern of FECG and noise components if any.
The results have been shown in Fig. 5 . Fig. 5 (top) shows the noisy composite signal, the middle one represents the extracted MECG signal, and the bottom one shows the noise
Figure 5. Noisy composite signal (top), extracted MECG (middle) and noise component (bottom).
component. As appears from Fig. 5 , having extra information of only the mother's abdomen signal did not help us to extract the FECG signal since there is no evidence of the FECG pattern in noise component. We also added one more signal from the mother's abdomen to see if this extra information helps us to extract the FECG signal. The results indicated that adding one or even two more signals from only mother's abdomen do not provide extra information for extracting the FECG signal. The results are also similar for more than three extra signals. We therefore conclude that adding some extra (simultaneously) abdominal signals will not always result in a better extraction of the FEGG signal. It should be noted that current methods are sensitive to the number of abdominal signals. The more abdominal signals are used in the current methods, the less sensitive the methods are from the particular choice of the electrode pairs [24] . However, this issue does not matter for the proposed algorithm.
Let us now consider the second option. That is, we use the information provided by a composite signal and the extra information obtained from the signals placed on the maternal chest (only mother's signal). Fig. 6 shows the result. The results show the effect of the thoracic signal for extracting the FECG signal. The noise component clearly shows the pattern of the FECG signal. Fig. 6 (top) shows the extracted MECG, the second one (from top) shows the noisy FECG signal (which is, in fact, the residual series or noise component after MECG extraction), the third one represents the extracted FECG signal after reducing noise from the second one, and eventually the last one (bottom) shows the noise component. The results confirm that having only two signals, one from the mother's chest and one from mother's ab- domen, enables us to extract both signals MECG and FECG very well. Another important results is that, we are able to correctly capture P, Q, and R waves which is an important issue in FECG extraction literature. Thus, by recording one abdominal (composite signal) and one from the chest signal (which is a candidate of the mother's signal) simultaneously, it becomes possible to accurately extract the FECG signal in which the mother ECG bas been suppressed substantially. This motivates adding some more signals from the chest to see if this improves the accuracy of the extraction procedure. It is expected that such information helps since the results in Fig. 6 indicate that only one signal from the chest helps to improve the FECG extraction. Fig. 7 shows the results. Fig. 7 (top) shows the FECG extracted signal with one more additional signal from chest, the middle one with two, and the bottom one with three more additional signals.
The results with strong evidence indicate that adding more information from the chest helps to improve the accuracy of the FECG extraction results. Now consider the last option. That is, we consider one signal from the chest and one signal from the mother's abdomen as extra information simultaneously. Remember that we have a mixture of these signals, and the additional signals are used as extra information. Fig. 8 shows the result. As appears from Fig. 8 , there is no discrepancy between the results presented in Fig. 7 and 8 indicating that adding one more signal from the mother's abdomen does not improve the accuracy of the results if we have information of the chest signal. This coincides with the results obtained when we only consider the maternal abdomen signal. In practice, we usually have more information from the mother's abdomen (more sensors are placed on the mother's abdomen) to cover the baby's signal whilst the results obtained here indicate that the attention must also be paid to the signal from the sensor on the chest.
Real data
The results of the simulated series confirm that we are able to extract the FECG signal using two signals; one from maternal abdomen and the other one from the thorax. However, the more signals from thorax, the better FECG extraction results we can obtain. Note that it is difficult to capture the FECG, if the contributions from fetal heart are not sufficient in the abdominal recordings. Fig. 9 shows the first 5 seconds of a set of six signals recorded in 1 min. The horizontal axis shows the time in seconds and the vertical axes displays amplitude. The value of vertical axes indicates the location of the electrodes. The sampling frequency was 500 Hz. For more information about the data used in this section see [17] . Channels 1-3 show abdominal signals, whilst for the signals in channels 4-6 the electrodes have been placed further away from the fetus, e.g., on the thorax. As appears from Fig. 9 , channels 1, 2 and 3 clearly contain weak fetal contributions (due to the large amplitudes of the MECG in the thoracic signals).
Therefore, in these signals the FECG signal is less visible. The results from simulated data confirmed that the residual components of the signals 1-3 show the FECG signals. Therefore, we expect to capture the FECG signals from the first three signals. Fig. 10 shows the results of the first step of the algorithm (the MECG extraction step). Fig. 11 shows the noise component remaining from the first step which will be used for the FECG extraction. As the results indicate, we are able to extract the FECG signal from channels 1-3 as expected, whilst the residual terms of channels 4-6 do not show any pattern of FECG signals (due to the low amplitudes of the FECG signal in the thoracic signals). These results can be considered as another confirmation that the SSA technique can be employed as a powerful tool for signal extraction and separation of a composite signal.
CONCLUSION
We proposed a method to extract the FECG signal from a noisy composite signal, which is a classical problem in biomedical engineering. The method is based on SSA. The proposed algorithm consists of several complementary stages. First, the maternal ECG is extracted from a noisy composite signal using multivariate SSA. This requires one signal taken from the maternal abdomen, close to the fetal heart, and at least one signal on the thorax. The results clearly confirmed that the SSA technique could be used for extraction the FECG signal and separating noise component.
In fact, here we use multivariate SSA to capture the FECG signal. A considerable advantage of MSSA for this composite signal is that, in MSSA we can capture the dynamic structure between the FECG and MECG signals as a hidden complement information for the extraction of the FECG signal since the SSA technique consists of the elements of multivariate statistics, multivariate geometry and dynamical systems. In the dynamic structure, linear and nonlinear dependencies among the signals are very important concepts in multi-channel analysis that are usually not considered in the current approaches.
The computational aspect of the proposed algorithm can be considered as another advantage since only a few first largest singular values are used.
The proposed algorithm is applicable for extraction of the desired components in any composite signal, where the original signal can be formed in the trajectory matrix X (consists of two different signals and a noise component). Simplicity and capability of SSA for separation can be considered as other advantages of SSA such that it can be easily adapted to a broad class of biomedical signals.
The implementation of an automated method for maternal and fetal health monitoring and diagnosis during the pregnancy period can be considered as the main outcome of this research in future developments. Extracting fetal heart signal from noisy maternal ECG by multivariate singular spectrum analysis 407 Figure 9 . Six-channel composite signals.
